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Abstract

Until recently, the question of the effective inductive bias
of deep models on tabular data has remained unanswered.
This paper investigates the hypothesis that arithmetic fea-
ture interaction is necessary for deep tabular learning. To
test this point, we create a synthetic tabular dataset with a
mild feature interaction assumption and examine a modified
transformer architecture enabling arithmetical feature inter-
actions, referred to as AMFormer. Results show that AM-
Former outperforms strong counterparts in fine-grained tab-
ular data modeling, data efficiency in training, and general-
ization. This is attributed to its parallel additive and multi-
plicative attention operators and prompt-based optimization,
which facilitate the separation of tabular samples in an ex-
tended space with arithmetically-engineered features. Our ex-
tensive experiments on real-world data also validate the con-
sistent effectiveness, efficiency, and rationale of AMFormer,
suggesting it has established a strong inductive bias for deep
learning on tabular data. Code is available at https://github.
com/aigc-apps/AMFormer.

1 Introduction
Tabular data is an extensively utilized and essential data for-
mat that finds its applications in diverse fields, including
finance, marketing, medical science, and recommendation
systems (Moro, Cortez, and Laureano 2011; Johnson et al.
2016; Goldberger et al. 2000; Harper and Konstan 2016;
Cheng et al. 2022). Such data often contains both categorical
and numerical features, each of which holds its own specific
meaning and relates to various modeling aspects. Due to the
heterogeneity and potential sparsity of features, analyzing
tabular data has remained a subject of research in the ma-
chine learning community. Among the many solutions pro-
posed, tree ensemble models (Chen and Guestrin 2016; Ke
et al. 2017; Prokhorenkova et al. 2018) have emerged as the
predominant choice, owing to their performance on various
domains and robustness to data quality issues. Their success
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largely relies on the tree growth strategy, where each leaf
exhaustively enumerates the splitting features and values,
selecting the feature-value pair with the highest improve-
ment on a certain criterion to divide the sample space. As
a result, complex non-linear relationships between variables
can be effectively captured. Meanwhile, since raw features
directly involve, tree models often assume the features have
been well-engineered (Micci-Barreca 2001).

In recent years, deep learning has become increasingly
popular as a means to reduce the need for time-consuming
and cumbersome feature engineering when dealing with tab-
ular data. Early attempts at integrating deep neural networks
(DNNs) aim to model high-order feature interactions (Cheng
et al. 2016; Guo et al. 2017; Lian et al. 2018; Cheng et al.
2022; Chen et al. 2022); however, this paradigm requires a
careful balance between model expressiveness and overfit-
ting. To overcome this, researchers have turned to extend-
ing generalized additive models with DNNs to boost ex-
pressiveness in a more constrained manner (Agarwal et al.
2021; Radenovic, Dubey, and Mahajan 2022; Enouen and
Liu 2022; Chen et al. 2023a), thereby preventing overfitting
and increasing interpretability. Others have explored tree-
inspired architectures that emulate key elements of tree mod-
els using neural networks, taking advantage of the strengths
of both techniques (Popov, Morozov, and Babenko 2020;
Katzir, Elidan, and El-Yaniv 2021). Transformer has also
been investigated for its success in the natural language and
vision fields (Song et al. 2019; Gorishniy et al. 2021; Chen
et al. 2023b; Yan et al. 2023).

Despite multiple attempts, the effectiveness of deep learn-
ing on tabular data remains questionable (Qin et al. 2021)
due to the unstable improvement over tree ensemble base-
lines, and tabular datasets have been considered as the last
“unconquered castle” for deep learning (Kadra et al. 2021).
The central question is whether deep models have an effec-
tive inductive bias on tabular data. In this paper, we argue
that arithmetic feature interaction is necessary for deep tab-
ular learning. More specifically, the classic transformer is
found to be proficient at obtaining a compressed and sparse
representation for the input (Yu et al. 2023) to benefit the
downstream tasks. We contend that, however, it is less capa-
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ble of mining meaningful feature interactions through arith-
metic operations. The importance of such interaction has
been verified in various domains, e.g., the serum triiodothy-
ronine to thyroxine (T3/T4) ratio for thyroid disorder diag-
nosis (Mortoglou and Candiloros 2004) and the body mass
index (BMI) for obesity assessment. In summary, tabular
deep learning with the classic transformer is somehow sim-
ilar to the sample space division based on raw features, and
incorporating arithmetic feature interaction explicitly allows
for better separation of samples in an extended space with
automatically engineered features.

To validate our hypothesis, we create a synthetic dataset
based on a mild feature interaction assumption inspired
by (Enouen and Liu 2022). The dataset consists of eight fea-
tures and responses are formulated as an additive mixture of
arithmetic feature combinations that remain sparse, limited
in interaction order, and deterministic. We compare the per-
formance of XGBoost (Chen and Guestrin 2016), the clas-
sic transformer, and our modified AMFormer, a transformer-
like architecture enabling arithmetic feature interaction, on
this data. Our results reveal that, in the presence of fea-
ture interaction, AMFormer significantly outperforms (up to
+57%) the other models for fine-grained tabular data mod-
eling. Additionally, by explicitly learning arithmetic inter-
action, AMFormer also obtains substantial improvements in
terms of data efficiency in training (up to +16%) and gen-
eralization (up to +20%) compared to its counterparts. We
describe the details of dataset construction and our empiri-
cal results in Section 3. These findings have clearly demon-
strated the effectiveness of our AMFormer as a general mod-
ule for deep tabular learning.

The above strengths of AMFormer are rooted in two key
features that address the primary challenges posed by fea-
ture heterogeneity during model fitting. The first challenge is
the risk of underfitting caused by missing essential features,
while the second is the risk of overfitting caused by irrele-
vant correlations in redundant features. To compensate for
features that require arithmetic feature interaction, we equip
AMFormer with parallel attention operators responsible for
extracting meaningful additive and multiplicative interaction
candidates. Along the candidate dimension, these candidates
are then concatenated and fused using a down-sampling lin-
ear layer, allowing each layer of AMFormer to capture arith-
metic feature interaction effectively. To prevent overfitting
caused by feature redundancy, we drop self-attention and
use two sets of prompt vectors as addition and multiplica-
tion queries. This approach gives AMFormer constrained
freedom for feature interaction and, as a side effect, opti-
mizes both memory footprint and training efficiency. By in-
tegrating these two designs with the transformer, the result-
ing model could better analyze tabular data based on more
accurate sample separation.

We further evaluate AMFormer by comparison with six
baseline approaches on four real-world tabular datasets,.
Through our extensive experiments, we find that AMFormer
is generally effective for deep tabular learning: it could be
plugged into existing transformer-based methods, such as
AutoInt (Song et al. 2019) and FT-Transformer (Gorish-
niy et al. 2021), consistently providing improvement across

all datasets. Furthermore, the two AMFormer-enhanced ap-
proaches also consistently outperform XGBoost, which is
not the case for the original backbone models. Our ablation
study also confirmed the rationale of each building block of
AMFormer. Finally, we demonstrate that our prompt opti-
mization can improve training efficiency by an order of mag-
nitude, making our approach more scalable for real-world
cases. Collectively, we believe that AMFormer has identi-
fied a good inductive bias of deep tabular models. The main
contributions of our work are as follows:
• We empirically verify on synthetic data that arithmetic

feature interaction is necessary for deep tabular learning
from the perspectives of fine-grained data modeling, data
efficiency in training, and generalization.

• We implement the idea in AMFormer, which enhances
the transformer architecture with arithmetic feature in-
teraction through the parallel additive and multiplicative
attention operators and prompt-based optimization.

• We also verify the effectiveness and efficiency of AM-
Former through extensive tests on real-world data.

2 Related Work
In this section, we review related machine-learning methods
for tabular data analysis and briefly introduce the ideas of
local attention that inspire our prompt-based optimization.

Traditional methods. Tabular data could be naturally
viewed as multi-dimensional vectors. Therefore, many clas-
sic machine-learning methods are applicable for mining tab-
ular data, e.g., logistic regression, decision trees, and sup-
port vector machines (Bishop 2006). Since features in tab-
ular data are of varying importance typically, generalized
additive models (GAM) (Hastie and Tibshirani 1986; Lou,
Caruana, and Gehrke 2012) remain popular for tabular data
analysis. These models are more accurate than simple linear
models with the introduction of shape functions and could
produce the importance of individual features as model in-
terpretation. Pairwise interactions have also been incorpo-
rated in GAMs for better model fitness (Lou et al. 2013). Fi-
nally, gradient-boosted tree ensemble models, such as XG-
Boost (Chen and Guestrin 2016), LightGBM (Ke et al.
2017), and CatBoost (Prokhorenkova et al. 2018), are usu-
ally among the most effective in this category and have been
widely deployed in real-life systems.

Deep learning models. As mentioned earlier, deep learn-
ing has been explored for dealing with tabular data recently,
and the attempts could be classified into four classes. (C1)
In Wide&Deep (Cheng et al. 2016) and deep factorization
machines (Guo et al. 2017; Lian et al. 2018), multi-layer
perceptrons (MLPs) are stacked aside the traditional shal-
low components to capture high-order feature interaction.
(C2) NAM (Agarwal et al. 2021), NBM (Radenovic, Dubey,
and Mahajan 2022), and SIAN (Enouen and Liu 2022) com-
bine GAMs with deep learning to enhance model expres-
sive while still retraining interpretation. (C3) Alternatively,
NODE (Popov, Morozov, and Babenko 2020) and Net-
DNF (Katzir, Elidan, and El-Yaniv 2021) emulate key ele-
ments of tree models using neural networks, e.g., differen-
tiable oblivious decision trees, and disjunctive normal forms
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Figure 1: Results on synthetic data. The +x% in the figure are the relative improvement of AMFormer over Transformer.

with soft neural AND/OR gates. These tree-like models
could then enjoy the merits of deep learning. (C4) Finally,
relying on the global crossing capability, the transformer ar-
chitecture has also been adapted to deep tabular learning.
Typical models include FT-Transformer (Gorishniy et al.
2021), AutoInt (Song et al. 2019), and DCAP (Chen et al.
2021), where the attention mechanism is utilized for addi-
tive feature interaction.

Despite the above efforts, it still remains open for effec-
tive inductive bias of deep tabular learning. In this paper, we
also consider transformer architecture as a promising can-
didate and further argue for the essential role of arithmetic
feature interaction for deep tabular learning. Our proposed
AMFormer enhances the classic transformer with such in-
teraction through the parallel additive and multiplication at-
tention operators and the interaction fusion layer. This is
among the first in the literature and AMFormer has demon-
strated consistently better performance compared to other
transformer-based methods.

Local attention. The square nature of transformer would
make it less efficient for a large context, which is the case
for tabular data consisting of a large number of features.
In this situation, an efficient transformer is required. Since
words and pixels inherently possess continuity, it is natu-
ral to use local attention techniques to optimize efficiency.
For instance, PVT (Wang et al. 2021b) utilizes convolutional
layers after each attention block to gather local information
and gradually condenses the features. LongFormer (Beltagy,
Peters, and Cohan 2020) applies a moving window and cal-
culates attention weights within the window. Sparse atten-
tion (Child et al. 2019) introduces sparse factorizations of
the full attention matrix. Different from the above, in this
paper, we borrow the notion of prompts to localize the re-
ceptive field of features, and the number of prompts is inde-
pendent of the number of features.

3 Empirical Evaluation on Synthetic Data
Recall that due to feature heterogeneity, the raw feature
space of tabular data might not necessarily contain all deter-
mining features. Accordingly, we argue that arithmetic fea-
ture interaction is essential for deep tabular learning, aim-
ing at supplementing these missing features with arithmetic

as the prior knowledge in a reserved stage. To validate our
hypothesis, we create a synthetic dataset inspired by the as-
sumption of a generalized additive model with multi-order
while sparse feature interaction (Enouen and Liu 2022).

Data construction. Our constructed dataset consists of
eight features and the responses r are formulated as an addi-
tive mixture of arithmetic feature combinations:

r =

K∑
i=1

αi ·
8∏

j=1

x
βij

j . (1)

We fix the number K of additive terms to be much less than
the number of possible feature combinations (e.g., K = 5
in this work) and sample αi from a uniform distribution
U(−1, 1). Each exponent βij is uniformly sampled from
{1, 2, 3, 4} with a 50% chance and is set to 0 otherwise.
Thus, the expected number of involved features in each term
is 4. After selecting all α and β values, we randomly gener-
ate 200K instances of (x1, . . . , x8, r) by sampling xj from
a log uniform distribution between 0.5 and 2. The above se-
tups ensure that our synthetic data remains deterministic and
sparse in terms of feature interaction, adhering to a mild as-
sumption for feature interaction. Finally, all instances are di-
vided into C equally-sized classes according to the response
values r, and we further split the data into 80%-20% for
training and testing, respectively.

Results. To demonstrate the necessity of arithmetic fea-
ture interaction, we compare our AMFormer (we leave its
technical details in the next section) with XGBoost and the
classic transformer on the constructed data. We first evalu-
ate the ability of fine-grained tabular data modeling of these
approaches by varying the number C of classes from 4 to
512 and computing the test classification accuracy (Acc).
The results are reported in Fig. 1a. When varying C, the
Acc of all approaches decreases with the increment of C.
The performance of XGBoost soon drops to a low level with
C = 64. This is because XGBoost utilizes raw feature val-
ues xj only, which could not handle the interaction between
features and the response. Comparatively, both Transformer
and AMFormer maintain relatively high Acc with larger C,
owing to the automatic feature engineering capacity of neu-
ral networks. We also find that AMFormer is consistently
better than Transformer, with larger improvement for higher
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C. This indicates the essential role of arithmetic feature in-
teraction for fine-grained tabular data modeling.

In addition, through learning meaningful interaction pat-
terns, we also expect AMFormer to have better training data
efficiency and generalization to minority classes. To verify
data efficiency, we fix C = 128, vary the fraction f1 of train-
ing data from 10% to 50%, and compute the test Acc of
Transformer and AMFormer, reported in Fig. 1b. We omit
XGBoost due to its uncompetitive performance. When vary-
ing f1, the Acc of both approaches increases with the in-
crement of f1 as expected. Moreover, we observe consis-
tently better relative improvement with less fraction of train-
ing data, e.g., +40% with f1 ≤ 30% vs. the baseline +26%.
Indeed, AMFormer trained with 40% data is almost on par
with Transformer on all data.

To verify generalization, we also fix C = 128, manually
turn half of the classes to minority classes by only reserving
a fraction f2 of training data, and compute the test Acc of
Transformer and AMFormer on minority classes, reported in
Fig. 1c. Note that training data on rest classes and test data
remain unfiltered. Similarly, we observe consistently better
performance, in both absolute Acc or relative improvement,
by AMFormer for minority classes.

From the above empirical evaluation, we believe that ex-
plicitly integrating arithmetic feature interaction is neces-
sary for deep tabular learning.

4 Methodology
We now present the technical details of our AMFormer. The
framework overview is given in Fig. 2, which closely re-
sembles the classic Transformer architecture except for the
Arithmetic Block. With d denoting the dimensionality of
hidden states, AMFormer initiates the process by transform-
ing raw features into representative embeddings, i.e., apply-
ing a 1-in-d-out linear layer for numerical features and a
d-dimensional embedding lookup table for categorical fea-
tures. Subsequently, these initial embeddings are processed
through L sequential layers, which serve to augment them
with vital context and interactive elements. Within each of
these layers, an arithmetic block that executes parallel ad-
ditive and multiplicative attention is adopted to deliberately
foster arithmetic feature interactions. Residual connections
and feed-forward networks are reserved to facilitate the flow
of gradients and augment feature representation. Finally,
AMFormer employs either a classification or a regression
head to generate the final output based on these enriched
embeddings. The key components in the arithmetic block
include parallel attention and prompt tokens, which we will
further discuss in the following.

4.1 Parallel Attention
The parallel attention is responsible for facilitating arith-
metic feature interaction in AMFormer. The fundamental
concept involves harnessing two parallel attention streams,
each dedicated to computing either additive or multiplicative
interaction candidates based on input feature embeddings.
These computed candidates are subsequently concatenated
and undergo further integration through a fully-connected

(FC) layer. Consequently, the outputs of the FC layer can
represent diverse combinations of input features achieved
through arithmetic operations.

Formally, let N denote the number of input features in a
specific layer l ∈ {1, . . . , L} and X ∈ RN×d the corre-
sponding feature embedding matrix. As the layers in AM-
Former are structurally identical, differing only in their pa-
rameters, we forego mentioning the layer index for ease of
notation. Recall that the classic attention (Vaswani et al.
2017) is inherently additive. We therefore derive log-scaled
embeddings in the multiplicative stream (Trask et al. 2018):

Xlog = log(ReLU(X) + ϵ), (2)

where ϵ prevents log 0. Classic attention in the log space,
combined with an exponential operator, is then capable of
learning multiplicative interaction.

We next elaborate on the shared attention part of the two
streams, which aims to prepare useful additive and multi-
plicative feature interaction for the prediction task. Taking
the additive stream for instance, we first generate the query
Q = XWQ, key K = XWK , and value V = XWV em-
beddings with input embeddings X and trainable parameters
WQ/K/V ∈ Rd×d. The product QKT gives the affinity be-
tween input features and could be understood as the likeli-
hood of yielding meaningful interaction in our case. The out-
put by the additive stream, calculated as the weighted sum
of value embeddings according to the normalized product:

OA = softmax(QKT ÷
√
d)V ∈ RN×d, (3)

enriches each input feature with vital interactive information
from other features and, hence, could be regarded as additive
interaction candidates.

The above soft attention establishes a connection between
every pair of features, while the interaction on tabular data is
mostly sparse (Agarwal et al. 2021; Radenovic, Dubey, and
Mahajan 2022). Inspired, we further revise Eq. (3) into hard
attention. That is, we retrieve and retain the top-k highest en-
tries in each row of QKT while masking other entries with
a large negative constant, i.e., becoming 0 after softmax. As
such, each feature could only interact with k features and
it suffices to choose a small integer for hyperparameter k,
being independent with the number N of input features, to
ensure sparse interaction.

Similarly, we could obtain the multiplicative stream out-
put OM ∈ RN×d by using the log-scaled Xlog , another set
of trainable parameters, and an additional exponential oper-
ator. The central idea of our AMFormer is to provide com-
plete arithmetic ability in every single layer. To achieve the
goal, we further concatenate the two outputs OA and OM

and apply an FC layer along the candidate dimension:

O = FC(VConcat([OA, OM ])T )T . (4)

Note that VConcat([OA, OM ]) performs vertical concate-
nation, resulting in a shape of 2N × d, FC is a fully-
connected layer that also decreases the number of dimension
from 2N to N , and the two transposition operators assure
the fusion of interaction candidates. To summarize, the par-
allel attention in the arithmetic block first extracts additive
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Figure 2: The overview of AMFormer. L is the layer number.

and multiplicative interaction candidates independently, and
the candidates are subsequently mixed to facilitate complete
arithmetic feature interaction in a single layer of AMFormer.

4.2 Optimization with Prompt Tokens
The architecture described by far potentially faces a cou-
ple of practical challenges. Initially, the self-attention mech-
anism has a complexity that grows quadratically with the
number of features, specifically O(N2d), resulting in inef-
ficiencies in time and memory for large feature sets (Yang
et al. 2023b,a). Additionally, tabular datasets often exhibit
interaction patterns that are data-invariant, e.g., those relat-
ing to domain patterns, while the current purely data-reliant
architecture has trouble capturing them. To tackle the two
issues, we have incorporated an optimization strategy that
utilizes prompt tokens within AMFormer.

The main idea is to substitute the data-dependent query
matrix Q with a set of trainable prompt token embeddings,
represented as a parameter matrix P ∈ RNp×d. Each of
these prompt tokens is designed to facilitate the creation of
valuable additive or multiplicative interactions among fea-
tures, considering up to k features at a time. The quantity
Np of prompt tokens could be much less than the over-
all number of features on large datasets. Consequently, the
time and memory complexities associated with AMFormer
become linear relative to the number N of input features,
thus enhancing the model’s capability to handle extensive
datasets. Additionally, this approach enables AMFormer to
inherently learn and establish patterns of feature interaction
that are consistent across different samples. The strategic
use of prompt tokens in conjunction with the top-k selec-
tion also allows AMFormer to disregard immaterial corre-
lations in the data. This not only helps in preventing over-
fitting but also improves the model’s resilience against data
noise (Cheng et al. 2023; Qian et al. 2023).

In practice, we recommend fixing Np = N for datasets
with a few hundred features. In cases of larger datasets, it is
suggested to start with Np at 256 or 512 and then reduce this
number by half for each ensuing layer.

5 Experiments
In this section, we further evaluate our AMFormer in real-
world scenarios. Using four datasets, we conduct extensive

experiments to evaluate: (i) the overall effectiveness of AM-
Former compared with other competitive methods, (ii) the
rationale of each building component in AMFormer, (iii) the
impacts of the prompt-based optimization in effectiveness
and scalability, and (iv) the sensitivity to key parameters.

5.1 Experimental Setup
Datasets. We choose four real-world datasets for evaluation.
• EP (Epsilon) is a simulated physics dataset from (PAS-

CAL 2008), which uses 2,000 normalized numerical fea-
tures for binary classification.

• HC (Home Credit Default Risk) uses both numerical and
categorical features to predict clients’ binary repayment
abilities, with a ratio of around 1:10 for positive to nega-
tive samples (Anna Montoya and Kotek 2018).

• CO (Covtype) is a multi-classification dataset that uti-
lizes surrounding characteristics to predict types of trees
growing in an area (Rossi and Ahmed 2015).

• MI (MSLR-WEB10K) is a learn-to-rank dataset for
query-URL relevance ranking (Qin and Liu 2013). It con-
tains 136 numerical features and relevance scores are
drawn from {0, 1, 2, 3, 4}.

We adopt the same learning tasks, i.e., binary/multi-
classification and regression, and metrics, i.e., accuracy
(Acc), area under the ROC curve (AUC), and mean square
error (MSE), as previous studies. Table 1 summarizes the
statistics and evaluation settings of these datasets. We nor-
malize the numerical features to have zero mean and unit
variance before feeding into models.

Baselines. We compare AMFormer to a variety of base-
line methods, including the competitive tree ensemble
method XGBoost (Chen and Guestrin 2016), differentiable
tree model NODE (Popov, Morozov, and Babenko 2020),
transformer-based approaches AutoInt (Song et al. 2019)
and FT-Transformer (Gorishniy et al. 2021), and the re-
cent deep cross nets DCN-V2 (Wang et al. 2021a) and
DCAP (Chen et al. 2021). Our AMFormer is a general deep
tabular learning module and we plug it into FT-Transformer
and AutoInt, leading to two variants AMF-A and AMF-F for
comparison, respectively.

Implementation. All tested models are implemented
with PyTorch v1.12 (Paszke et al. 2019). We use the recom-
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Dataset Task type Metric # Train # Valid # Test # Num. features # Cate. features
EP binary classification Acc 320,000 80,000 100,000 2,000 /
HC binary classification AUC 200,496 45,512 61,503 104 16
CO multi-classification Acc 371,847 92,962 116,203 54 /
MI regression MSE 72,3412 235,259 24,1521 136 /

Table 1: Dataset statistics and evaluation settings.

Dataset XGBoost NODE DCN-V2 DCAP AutoInt FT-Trans. AMF-A AMF-F
EP ↑ 87.32 (8) 89.60 (3) 88.22 (7) 89.24 (4) 88.48 (6) 89.05 (5) 89.71 (2) 89.83 (1)
HC ↑ 74.59 (7) 74.93 (6) 72.34 (8) 75.63 (2) 75.01 (5) 75.07 (4) 75.57 (3) 75.67 (1)
CO ↑ 96.72 (3) 92.31 (7) 90.78 (8) 96.21 (5) 92.40 (6) 96.60 (4) 97.36 (1) 97.26 (2)
MI ↓ 0.5642 (3) 0.5644 (4) 0.6043 (8) 0.5753 (6) 0.5864 (7) 0.5717 (5) 0.5606 (2) 0.5557 (1)

Rank ± std 5.3± 2.6 5.0± 1.8 7.8± 0.5 4.3± 1.7 6.0± 0.8 4.5± 0.6 2.0± 0.8 1.3 ± 0.5

Table 2: Performance comparison of AMFormer and known methods. The numbers inside parentheses are the ranks of perfor-
mance. The best and second-best results are highlighted in bold and underlined, respectively.

mended model parameters in the original papers for base-
line methods and those of XGBoost follow (Gorishniy et al.
2021). Notably, AutoInt and FT-Transformer use a dimen-
sionality of 32 and 192 for embeddings, respectively, which
are inherited in AMF-A and AMF-F. We adopt Adam with
betas=(0.9, 0.999) and eps=1e-8 for optimization. The learn-
ing rate first linearly increases to 1e-3 in the first 1k steps
and then decays by 90% every 20k steps by default, ex-
cept for the HC data with an initial 1e-4 and 4k decaying
steps. The default batch size is 512, which reduces to 32
for transformer-based methods on the EP data due to GPU-
memory limitation. We report the detailed hyper-parameters
of all methods in the supplement. All tests are conducted
on a machine with 104 Intel(R) Xeon(R) Platinum 8269CY
CPUs and an NVIDIA Tesla A100-SXM-40GB.

We next present our findings.

5.2 Comparison with Known Methods
In the first set of tests, we evaluate the overall effectiveness
of our approach by comparing its variants with the consid-
ered baselines. The metrics on the test set are presented in
Table 2 and we conclude the following.

First, DCN-V2 performs the worst compared with other
tested approaches. Note that it utilizes MLP to capture high-
order feature interaction, which turns out to be less effective
for tabular data. AutoInt only preserves the multi-head self-
attention while dropping the feed-forward net and residual
connection from its transformer architecture, and its effec-
tiveness remains not competitive either. Inspired, we keep
these operators in our AMFormer.

For the rest baselines, we observe inconsistent perfor-
mance across different datasets. The top-performing meth-
ods are diverse, e.g., XGBoost on CO and MI, NODE on
EP, and DCAP on HC. This result has somehow demon-
strated the challenge of identifying a unified modeling bias
for tabular data analysis. Overall, we find that DCAP and
FT-Transformer are the best among these baselines accord-
ing to the average performance rank on all datasets. Both
approaches are based on the transformer architecture, indi-
cating its potential for deep tabular learning. However, it is

Backbone Add. Multi. Prompt EP ↑ MI ↓

AutoInt

✓ - - 88.48 0.5864
✓ - ✓ 89.61 0.5638
- ✓ - 89.53 0.5748
- ✓ ✓ 89.65 0.5631
✓ ✓ - 89.55 0.5639
✓ ✓ ✓ 89.71 0.5606

FT-Trans.

✓ - - 89.05 0.5717
✓ - ✓ 89.80 0.5633
- ✓ - 50.05 0.5624
- ✓ ✓ 50.05 0.5605
✓ ✓ - 89.58 0.5585
✓ ✓ ✓ 89.83 0.5557

Table 3: Results of ablation study on EP and MI.

worth noting that none of the deep models could outperform
XGBoost on all datasets.

Finally, the two variants of AMFormer are consistently
better than the six tested baselines on the four datasets, ex-
cept for AMF-A on the HC data where it slightly under-
performs compared to DCAP. This implies that AMFormer
consistently enhances the performance of the two backbone
models on all datasets. Specifically, in classification tasks,
AMFormer improves the accuracy or AUC of AutoInt and
FT-transformer by at least 0.5%, with improvements of up
to 1.23% and 4.96% observed on the EP and CO data for
AutoInt. In regression tasks, the MSE of the two back-
bone models decreases by more than 0.016. The effective-
ness and stability of AMFormer result in significantly better
performance rankings for AMF-A and AMF-F compared to
all existing approaches, marking a significant milestone for
deep learning on tabular data. From our perspective, we be-
lieve that AMFormer effectively addresses the question of
whether deep learning is necessary for tabular data.

5.3 Ablation Study
We next conduct an ablation study to evaluate the impacts of
the building component within our AMFormer, i.e., the ad-
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Method Prompt Train (hr) GFLOPS GPU-M
AutoInt - 16.81 7.2 33 GB
FT-Trans - 19.64 9.7 34 GB
AMF-A - 25.77 12.3 36 GB
AMF-F - 20.88 11.3 38 GB
AMF-A ✓ 2.93 1.3 17 GB
AMF-F ✓ 3.11 0.7 18 GB
AMF-A % ✓ 11.37% 10.45% 51.51%
AMF-F % ✓ 14.89% 6.16% 52.94%

Table 4: Scalability evaluation of prompt-based optimization

ditive attention, the multiplicative attention, and the prompt-
based optimization. Similarly, we consider two backbone
models and evaluate the test metrics by using different com-
binations of the components on the EP and MI datasets. Note
that EP has the largest number of features and MI is the only
regression dataset. The results are reported in Table 3 and
we find the following.

First, we find that multiplicative interaction is important,
and using multiplicative attention alone could obtain better
results than using classic additive attention alone in three
of the four testing cases (row 1 vs. row 3), except for us-
ing FT-Transformer as the base model on EP. Moreover,
using parallel additive and multiplicative attention consis-
tently improves the effectiveness in all scenarios (row 5 vs.
1&3), indicating the usefulness of arithmetic feature interac-
tion for tabular data analysis. In addition, our prompt-based
optimization also leads to consistent performance improve-
ment (rows 1&3&5 vs. 2&4&6, respectively). This is be-
cause prompts could stabilize the interaction patterns which
do not vary with examples and this is very important for tab-
ular data. Moreover, when dealing with a large number of
features, a small number of prompts could reduce irrelevant
interactions in redundant features.

The complexity of attention has always been a very
efficiency-critical part. With an O(N2) complexity to the
number N of tokens/features, the computational cost will in-
crease quadratically with the increase of token number, and
the attention map will also occupy a lot of GPU memory dur-
ing training. From Table 4 we find that the overall training
time for FT-Transformer and AutoInt exceeds 15 hours. For
our AMFormer without prompts, the training time even ex-
ceeds 20 hours. Our AMFormer incorporates the additional
multiplicative attention, which requires more FLOPs and re-
sults in longer training time. After applying the prompt opti-
mization to limit feature interaction, our AMFormer reduces
computational resource by approximately 90% and 94% and
achieves approximately 7 times faster training speed, i.e.,
only around 3 hours of training time. Moreover, with the
same batchsize, our AMFormer needs only 17 GB GPU-
memory while its counterparts take up at least 33 GB GPU-
memory. Less memory usage makes it possible to train and
employ our AMFormer on less-powerful devices.

5.4 Parameter Sensitivity
Finally, we evaluate the parameter sensitivity of AMFormer.
To examine the impact of L, we vary L from 1 to 6, fix

(a) Layer number L (b) Parameter k

Figure 3: Impacts of layer number L and parameter k.

NP 32 64 128 256 512 1024
EP 89.75 89.79 89.77 89.81 89.83 89.76

Table 5: Impact of the number NP of prompt tokens.

the other parameters to their default values, and test the Acc
results on the EP and CO dataset, as shown in Fig. 3a. When
increasing L, the Acc first increases and then decreases on
EP while it continues increasing on CO. The best Acc is
attained at L = 3 for EP and L = 6 for CO. Note that
the accuracy metric on the CO dataset starts to plateau at
L = 4. Overall, we believe that approximately 3 ∼ 4 layers
are sufficient for feature extraction.

When dealing with large datasets, we set the number of
prompt tokens as NP in the first layer, and then reduce this
number by half for each subsequent layer. As shown in Ta-
ble 5, on the large EP data, a small NP (< 256) results in
slightly worse performance caused by insufficient learning,
while the performance tends to saturate around 256. How-
ever, increasing NP further leads to a decrease in perfor-
mance, because large NP tends to cause redundancy and
overfitting. Although 512 tokens exhibit better performance
than 256, the trade-off between performance and efficiency
makes 256 a balanced choice.

We further present the sensitivity results of parameter k,
i.e., top-k, for forming feature interaction. The results on EP
and CO are shown in Fig. 3b, from which we find that the
Acc increases first from 2 to 8 and then decreases slightly.
Overall, large k is more suitable for AMFormer. This is be-
cause the impacts of less relevant features are decreased by
the affinity weights. However, there is a risk of overfitting
in practical training and larger k can then have a negative
impact. We thus recommend k = 8 by default.

6 Conclusion
This paper studied the effective inductive bias of deep mod-
els on tabular data. We hypothesized that arithmetic feature
interaction is necessary for tabular deep learning and in-
tegrated this idea in the transformer architecture to derive
AMFormer. We verified the effectiveness of AMFormer on
both synthetic and real-world data. The results of our syn-
thetic data demonstrated its better capacity for fine-grained
tabular data modeling, data efficiency in training, and gen-
eralization. Moreover, extensive experiments on real-world
data further confirmed its consistent effectiveness, the ratio-
nale behind each building block, and the scalability to handle
large-scale data. We thus believe that AMFormer has estab-
lished a strong inductive bias for deep tabular learning.
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